Hyperspectral imagery consists of hundreds narrow spectral bands with very fine spectral resolution and full spectral curves at each pixel location can be obtained from it. Hence, it can provide much more detailed information than multispectral imagery and objects of interest can be effectively detected and identified using this detailed information. Thus, hyperspectral imagery has been applied to various fields such as mining, geology, ecology, vegetation and water quality analysis (Cochrane, 2000; Igamberdiev et al., 2011; Kurz et al., 2012 Abstract : In this paper, we analyzed the effect of wavelet decomposition levels in feature extraction for anomaly detection from hyperspectral imagery. After wavelet analysis, anomaly detection was experimentally performed using the RX detector algorithm to analyze the detecting capabilities. From the experiment for anomaly detection using CASI imagery, the characteristics of extracted features and the changes of their patterns showed that radiance curves were simplified as wavelet transform progresses and H bands did not show significant differences between target anomaly and background in the previous levels. The results of anomaly detection and their ROC curves showed the best performance when using the appropriate sub-band decided from the visual interpretation of wavelet analysis which was L band at the decomposition level where the overall shape of profile was preserved. The results of this study would be used as fundamental information or guidelines when applying wavelet transform to feature extraction and selection from hyperspectral imagery. However, further researches for various anomaly targets and the quantitative selection of optimal decomposition levels are needed for generalization.
in hyperspectral image analysis is to summarize and extract significant information effectively.
This issue is very important for anomaly detection among various application fields of hyperspectral remote sensing, which aims at extracting anomalous pixels from hyperspectral imagery. The anomaly detection procedure for hyperspectral imagery is mainly divided into two stages: feature extraction and anomaly detection. (Chang and Chiang, 2002; Kwon and Nasrabadi, 2005; Banerjee et al., 2006; Gu et al., 2008) . Among two main stages, this study focuses on anomaly may occur relatively infrequently. So, the higher ranked PCs may be inappropriate for anomaly detection and it is not easy to distinguish differences between noise and anomaly from low ranked PCs.
Meanwhile, wavelet transform decomposes data into both frequency and time or location information and it is useful for the analysis of finite and non-stationary datasets. Wavelet transform has been used for many applications in image processing including feature extraction and dimensionality reduction. Especially, 3D DWT (3 dimensional discrete wavelet transform) developed for volumetric data has been effectively applied to hyperspectral image analysis for dimension reduction (Bruce et al., 2002; Cheung et al., 2006) . Furthermore, Park et al. (2012) verified that features extracted from wavelet transform outperformed for anomaly detection. Although 3D DWT has proven to be useful in hyperspectral imagery analysis, the study on how the information content changes according to the change of a wavelet decomposition level has not been fully investigated.
In this study, the effects of features extracted from wavelet decomposition are investigated as preprocessing for anomaly detection from hyperspectral imagery. After applying wavelet decomposition, some points are sampled at both anomaly and background areas. At these sampled points, the characteristics of extracted features are examined for every decomposition level. Then, features extracted by wavelet transform are experimentally applied to anomaly detection to evaluate the detecting capability.
Theory

1) Anomaly detection
An anomaly can be defined as a deviation from the normal or common order or form or rule. In science fields, an anomaly is to be out of uniformity in physical properties or deviation from predictable measurements. Researchers in remote sensing field have used anomalies as pixels having very high or low. Anomaly detection attempts to locate anything that looks different spatially or spectrally from its surroundings. It is often confused with target detection. Anomaly detection is to search something different from neighborhood without any prior information. Meanwhile, target detection aims to search the pixels for the presence of a specific material and in this case, it is assumed that the characteristics of target pixels have been known Korean Journal of Remote Sensing, Vol.28, No.6, 2012 (Camps-Valls and Bruzzone, 2009). Therefore anomaly detection is more broad and comprehensive approach than target detection and the result can be used as input for further target detection analysis.
2) Wavelet transform
Wavelet transform is a numerical analysis to capture not only frequency but also location information unlike Fourier transform. Discrete wavelet transform is a sub-band coding for discretely sampled data. The wavelet transform decomposes data into L (low) bands or approximation components and H (high) bands or detail components using bandpass filtering. 2D DWT results are obtained by first filtering the signal in row direction and then refiltering the output in column direction by the same filters. 3D DWT is the expansion of the wavelet theory with respect to one-dimensional signal into three dimensions (Muraki, 1993) . After data is 
Thus, the integrated process of 3D DWT and 1D
DWT is applied to test imagery to detect anomalies by preserving spatial resolution in this study. As a
The Impacts of Decomposition Levels in Wavelet Transform on Anomaly Detection from Hyperspectral Imagery -625- result of application of 3D DWT, the original data are decomposed both spatially and spectrally in a simultaneous way. Meanwhile, 1D DWT is used for dimensionality reduction and spectral information analysis. At first, full hyper spectral imagery is transformed by 3D DWT. And then, 1D DWT is iterated three times for only LLL band which is obtained by 3D DWT. 1D DWT is carried out in only spectral direction. For the next 1D transform, only L band is used. Details of the process used in this study Korean Journal of Remote Sensing, Vol.28, No.6, 2012 -626- Db4 constructed by Daubechies(1988) is one of the widely used basis functions in remote sensing field.
Finally, 9 datasets including original data are used for the experiment and these dataset are presented in gray boxes in Fig. 3 .
Data
The airborne CASI-1500 imagery is used for this experiment (Fig. 4(a) ). The detailed specification of CASI-1500 is described in Table 1 . The area is simply classified into target and background areas as shown in Fig. 4(b) . The targets are power line towers appearing very brightly in the study area. Forests are dominant in non-target background areas.
At first, the integrated process of 3D DWT and 1D DWT is performed on the airborne test imagery.
After wavelet decomposition, some samples representing target and non-target area are extracted for detailed analysis. 10 sample points are displayed with CASI-1500 imagery in Fig. 4(a) 
where N(x) is N by N neighbor matrix, m is the mean of N(x), and S is the covariance matrix of N(x).
Consequently, the pixel having higher possibilities
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Results
1) Wavelet analysis
As aforementioned approach, the integrated wavelet transform is performed on the test dataset in 4 decomposition levels. Then, some samples representing target and non-target area are extracted and radiance curves are plotted at each sampling location and every decomposition level. As a result, the every sample data in single class tend to show very similar radiance curves. Thus, the average values are calculated from all sample points for target and non-target classes to display the results simply.
The average of radiance curves are presented in Fig.   5 . Solid line is the radiance curve of target area and dash line is that of non-target area. The target curve is generally higher than the non-target curve.
Especially, it is much higher in short wavelength bands. Some breaks are appeared simultaneously in specific spectral bands in both target and non-target areas. -628- 
2) Anomaly detection
To evaluate the applicability of wavelet analysis results for anomaly detection, anomalies are experimentally detected using the RX detector algorithm. The results are given in Fig. 7 . Under the algorithm in section 3, the brighter pixels have higher possibilities to be anomaly. All cases detect two main target areas and some non-target areas are also displayed brightly. However, it is difficult to distinguish the capability differences visually.
Therefore, to visualize the performance this result, the ROC curve is used. For the ROC curve, the probability of detection is plotted in function of the probability of false alarm for different thresholds. The closer the ROC curve is to the upper left corner, the higher the overall accuracy of the test. Fig. 8 is comparing original dataset, LLL band and LLH band.
As mentioned wavelet analysis part, H band in early level cannot explain the difference between target and non-target area. Therefore L bands can be more effective than H bands for anomaly detection. Fig. 9 shows the ROC curves of only L bands according to decomposition level. The higher level of wavelet decomposition shows better performance, until LLL+2L band. However, using LLL+3L band, the performance is not improved anymore. So, for this
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(i) (g) (e) (c) (a) Fig. 8 . ROC curves for comparing the detecting capability of original dataset, LLL band and LLH band. 
Conclusions
